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Abstract: The rapid expansion of digital learning platforms has resulted in an overwhelming number 

of online courses, making it increasingly difficult for learners to identify offerings that align with their 

academic goals, skills, and interests. This study addresses this challenge by proposing a machine learn-

ing–based hybrid course recommendation framework that integrates content-based filtering and col-

laborative filtering to enhance personalized learning support. The proposed approach combines statis-

tical and semantic text representations using Term Frequency–Inverse Document Frequency (TF–

IDF) and Sentence-BERT (SBERT) embeddings, together with regression-based predictive modeling 

for learner preference estimation. Content-based filtering captures semantic similarity between learner 

profiles and course descriptions, while collaborative filtering predicts course ratings based on historical 

learner–course interactions, enabling a balanced and context-aware recommendation process. The 

framework is evaluated using two independent datasets: a large-scale public Coursera dataset for bench-

marking and a real-time institutional dataset collected from engineering colleges in Maharashtra for 

practical validation. Experimental results indicate that models leveraging SBERT embeddings consist-

ently outperform TF–IDF-based representations across multiple regression models, with the SBERT-

Gradient Boosting Regressor combination achieving the most reliable performance in terms of Mean 

Absolute Error (MAE), Mean Squared Error (MSE), and R². These findings suggest that integrating 

semantic representations with predictive modeling improves recommendation accuracy and robustness 

across heterogeneous educational contexts. While a graphical user interface is presented to demonstrate 

real-world applicability, the primary contribution of this work lies in the methodological framework 

and its empirical validation. Overall, the proposed hybrid recommender framework offers a scalable 

and interpretable solution for personalized course selection and supports flexible, interdisciplinary 

learning objectives aligned with India’s National Education Policy (NEP) 2020. 

Keywords: Collaborative Filtering; Course Recommendation System; Hybrid Recommender System; 

Machine Learning; Personalized Learning; Sentence-BERT; Semantic Similarity; Educational Data 

Mining. 

 

1. Introduction 

The rapid growth of digital education platforms and the increasing accessibility of online 
learning resources have fundamentally transformed how learners’ access and interact with 
educational content. Massive Open Online Courses (MOOCs) and institutional e-learning 
platforms now offer thousands of courses across diverse domains. While this abundance of 
content offers flexibility and opportunities, it also poses a significant challenge: learners often 
struggle to identify courses that best align with their academic goals, skill levels, and personal 
interests. As a result, personalized course recommendation systems have become an essential 
solution for mitigating information overload by delivering adaptive, data-driven learning sug-
gestions tailored to individual learners [1]–[4]. 
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Traditional course recommendation approaches primarily rely on either content-based 
filtering (CBF) or collaborative filtering (CF). However, these methods often suffer from lim-
itations such as data sparsity, cold-start problems, and inadequate handling of contextual var-
iability. With recent advances in machine learning (ML) and natural language processing 
(NLP), hybrid recommender systems that integrate semantic understanding with predictive 
modeling have emerged as a promising alternative, offering improved accuracy and personal-
ization [5]–[8]. Motivated by these developments, this study proposes an ML–based course 
recommendation framework that combines semantic representations derived from Sentence-
BERT (SBERT) with regression-based CF models to generate context-aware, learner-specific 
course recommendations. The proposed system aims to support students and higher educa-
tion institutions in improving the quality of course selection, promoting interdisciplinary 
learning, and facilitating open elective choices, in alignment with India’s National Education 
Policy (NEP) 2020. 

Although a growing body of research addresses course recommendation and retrieval-
augmented learning systems, existing studies typically focus on either retrieval mechanisms or 
predictive model architectures in isolation. Consequently, limited attention has been given to 
the interaction between semantic feature representation and collaborative model design, par-
ticularly regarding how these components jointly influence recommendation performance, 
robustness, and generalization across diverse educational datasets. This lack of holistic analy-
sis prevents a deeper understanding of how to optimize embedding strategies, feature repre-
sentations, and predictive architectures together within hybrid recommender systems. 

To address this gap, the present study introduces a hybrid course recommendation 
framework that explicitly integrates CBF and CF, demonstrating how semantic retrieval and 
predictive modeling architectures interact to enhance recommendation effectiveness. The 
framework incorporates two feature extraction techniques—TF-IDF and SBERT 
(SBERT)—to capture both statistical and deep semantic relationships within course descrip-
tions, enabling a systematic comparison of their impact on predictive performance. Multiple 
regression models are employed for CF and learner rating prediction, illustrating how archi-
tectural choices complement semantic representations to improve personalization. The pro-
posed approach is validated using two independent datasets: a benchmark Coursera dataset 
and a real-time institutional dataset collected from engineering colleges in Maharashtra. This 
dual-dataset evaluation demonstrates the robustness, generalization capability, and practical 
applicability of the framework. In addition, a lightweight graphical user interface (GUI) is 
provided to illustrate real-world deployment, allowing learners to receive personalized course 
recommendations based on their academic profiles and interests. Overall, this work contrib-
utes theoretical insights into hybrid recommender design while offering practical relevance 
for intelligent learning systems aligned with NEP 2020 objectives. 

The remainder of this paper is organized as follows. Section 2 reviews related work on 
ML–based and hybrid recommender systems in e-learning environments. Section 3 presents 
the proposed methodology, including data preprocessing, feature extraction, and system ar-
chitecture. Section 4 describes the experimental setup, datasets, evaluation metrics, and per-
formance analysis. Finally, Section 5 concludes the paper and outlines potential directions for 
future research. 

2. Related Work 

A substantial body of research has investigated course recommendation systems in e-
learning environments, primarily leveraging ML, deep learning (DL), and artificial intelligence 
(AI) techniques to enhance personalization and learning effectiveness. Early studies focused 
on utilizing learner feedback, ratings, and academic performance indicators to generate per-
sonalized course recommendations aligned with students’ interests and goals [9]–[11]. These 
approaches demonstrated the potential of ML-driven recommender systems to support adap-
tive learning environments by analyzing historical educational data and learner behavior. 

To further improve recommendation accuracy and adaptability, several works intro-
duced hybrid recommendation strategies that combine CBF and CF. Genetic optimization 
and multi-criteria decision-making techniques were applied to balance learner interests, pre-
requisites, and performance variables for elective course selection [12]. Other frameworks 
integrated user behavior analysis, semantic similarity measures, and performance monitoring 
to enhance the relevance of recommendations and learner engagement [13]–[15]. Methods 
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such as k-nearest neighbors, cumulative preference modeling, and implicit feedback mecha-
nisms have also been explored to refine similarity assessment and recommendation quality in 
higher education settings [14], [16]–[19]. 

With the increasing availability of large-scale educational data, recent studies have incor-
porated DL models to capture complex learner–course relationships. Deep neural networks, 
contextual user profiling, and behavior-aware architectures have been proposed to support 
personalized learning resource recommendation and adaptive course selection in both insti-
tutional e-learning platforms and MOOCs [20]–[27]. Knowledge graphs and context-aware 
similarity measures have further been employed to enhance semantic understanding and rec-
ommendation precision, enabling systems to account for learner context, motivation, and 
engagement dynamics [28], [29]. 

Collaborative filtering–based approaches remain a central component of educational 
recommender systems, with extensions that incorporate contextual similarity, reinforcement 
learning, federated learning, and privacy-aware mechanisms to address heterogeneity and data 
sparsity across institutions [30]–[35]. Hybrid models combining CF and CBF have been 
shown to improve recommendation robustness and contextual relevance, particularly when 
integrated with explainable models, ensemble learning strategies, or multi-agent frameworks 
[36]–[40]. More recent works have explored semantic-rich representations and explainable 
architectures, including knowledge graph–based recommenders and Bayesian network mod-
els, to enhance transparency and interpretability in course and program recommendations 
[41]–[44]. 

Despite these advances, existing studies predominantly examine either retrieval-oriented 
semantic modeling or predictive architectural design in isolation. Many systems rely on shal-
low textual representations or simple statistical features, limiting their ability to capture deeper 
semantic relationships within course descriptions and learner preferences. Conversely, pre-
dictive models are often evaluated without a systematic analysis of how feature representation 
choices influence CF performance, generalization, and scalability across heterogeneous edu-
cational datasets. As a result, there remains a limited understanding of the joint impact of 
semantic embedding strategies and regression-based predictive architectures within hybrid 
recommender systems. 

Addressing this gap, the present study proposes a hybrid course recommendation frame-
work that explicitly integrates semantic feature extraction using TF-IDF and SBERT with 
regression-based CF models. By systematically analyzing how retrieval design and predictive 
architecture interact, and by validating the framework across both a benchmark MOOC da-
taset and a real-world institutional dataset, this work advances the state of the art in person-
alized educational recommender systems. The proposed approach emphasizes robustness, 
generalization, and practical applicability while aligning with contemporary educational ob-
jectives such as those outlined in NEP 2020. 

3. Material and Method 

The proposed ML–based recommender system is designed to deliver personalized 
course and open elective recommendations by integrating CBF and CF within a unified hybrid 
framework. As illustrated in Figure 1, the framework presents a generic methodological pipe-
line that is applied independently to each dataset. All preprocessing, feature extraction, model 
training, validation, and evaluation are performed separately for each dataset, and no data 
merging or cross-dataset information sharing occurs at any stage of the process. This design 
ensures methodological clarity, prevents data leakage, and enables independent validation of 
the proposed approach across heterogeneous educational contexts. 

3.1. Student/Course Database 

The Student/Course Database serves as the primary data repository for the recom-
mender system and comprises two distinct datasets that represent complementary educational 
contexts. The use of two datasets is intentional: the Coursera dataset is employed to support 
large-scale validation and reproducibility, while the institutional dataset is used to assess real-
world applicability within a formal academic environment. This dual-dataset strategy enables 
both robustness verification and contextual validation of the proposed methodology. 
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3.1.1. Coursera Dataset 

The proposed system is evaluated using benchmark course data obtained from the 
Coursera platform [27], [45], a widely used web-based learning environment offering a diverse 
range of online courses. The dataset consists of 1,246 course samples, providing sufficient 
coverage for evaluating content-based similarity and recommendation strategies at scale. 
Given the extensive availability of both free and paid courses, learners often struggle to iden-
tify suitable courses aligned with their skill levels and learning objectives. This dataset enables 
the development of recommendation systems that leverage learners' capabilities and per-
ceived difficulty levels to suggest appropriate courses. Each course entry contains structured 
metadata, including course descriptions, difficulty levels, and associated skill tags extracted 
using NLP techniques. A summary of the course attributes used in this study is provided in 
Table 1. 

 

Figure 1. Recommender system framework for learners. 

Table 1. Course details and attributes (Coursera dataset) 

Entity Attributes 

Course Name Name of the course 

Difficulty Level Beginner, Intermediate, Advanced 

URL Course access link 

Course Description Textual description of course content 

University Offering an institution or industry partner 

Skills Skill tags extracted via NLP 

Course Rating Rating on a 5-point scale (0.1 granularity) 
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3.1.2. Institutional Open Elective and Course Recommendation Dataset 

In addition to the public benchmark dataset, a real-world institutional dataset was col-
lected from several established engineering and technology colleges in Maharashtra, India. 
This dataset includes academic records for approximately 1,000 undergraduate students span-
ning semesters III to VII in the Information Technology (IT) discipline. The student data 
capture academic performance indicators such as completed courses, grades, and proficiency 
levels, along with contextual attributes including skills, learning preferences, and career ob-
jectives. 

To support elective course recommendations, an additional course repository was con-
structed using data from NPTEL (National Programme on Technology Enhanced Learning), 
which provides a comprehensive collection of engineering courses with detailed descriptions, 
prerequisite information, subject domains, and difficulty levels. Student profiles and course 
profiles were systematically curated to enable effective matching between learner attributes 
and course characteristics. 

Table 2. Student and Course Data Attributes (Institutional Dataset) 

Entity Attributes 

Student Data Timestamp, Enrollment ID, Gender (M/F), Region (District), Skills, Career Objec-
tive, Device Used (Mobile/Laptop), Previously Attended Courses 

Course Data Open Elective, Course Title, Instructor, Institution, Focus Summary, Prerequisites, 
Course Rating 

 
All institutional and learner-related data were fully anonymized prior to analysis. Data 

collection and processing were conducted exclusively for academic research purposes and 
adhered to institutional guidelines and ethical research standards. No personally identifiable 
information or sensitive individual-level attributes were retained or utilized during the mod-
eling process. A summary of the student and course attributes used in the institutional dataset 
is presented in Table 2. 

3.2. Data Preprocessing 

At this stage, the collected data undergo a systematic preprocessing pipeline designed to 
ensure data consistency, quality, and readiness for subsequent modeling tasks. The prepro-
cessing steps include data cleaning, normalization, tokenization, stop-word removal, lemma-
tization, handling missing values, and feature integration. Let the raw dataset be denoted as: 

𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑛} (1) 

where each record 𝑑𝑖 represents either learner-related or course-related information. Data 
cleaning is first applied to remove duplicate, incomplete, and irrelevant records, resulting in a 

refined dataset 𝐷 ⊂ 𝐷, defined as: 

𝐷′ = {𝑑𝑖 ∈ 𝐷|𝑣𝑎𝑙𝑖𝑑(𝑑𝑖) = 1} (2) 

where 𝑣𝑎𝑙𝑖𝑑(𝑑𝑖) indicates that the record satisfies predefined quality criteria, including non-
null values and contextual relevance. 

Normalization is then performed to standardize numerical attributes and reduce scale-

related biases. For a given numerical feature 𝑥, standard score normalization is applied as: 

𝑥′ =
𝑥 − 𝜇

𝜎
 (3) 

where 𝜇 and 𝜎 represent the mean and standard deviation of the feature, respectively. This 
ensures uniform scaling across different attributes. 

Text normalization is applied in parallel, converting all textual content to lowercase and 
removing punctuation, digits, and special characters using regular expression–based pro-
cessing through Python libraries such as re and string. Tokenization decomposes textual fields 
into individual word units: 

𝑇 = {𝑡1, 𝑡2, … , 𝑡𝑚} = 𝑡𝑜𝑘𝑒𝑛𝑖𝑧𝑒(𝑆) (4) 
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where 𝑆 denotes a textual field such as a course description, and 𝑡𝑖  represents each to-
kenized word. NLP tools such as NLTK and SpaCy are employed for tokenization, stop-
word removal, and lemmatization. Stop-word removal eliminates high-frequency, low-infor-
mation terms, while lemmatization reduces words to their canonical base forms, thereby im-
proving model generalization. 

To address incomplete metadata, missing values are handled using appropriate imputa-
tion strategies, such as placeholder values (e.g., “N/A”) or statistical imputation (e.g., mean 
imputation), implemented using pandas and scikit-learn utilities. Subsequently, multiple tex-
tual attributes—such as course title, description, and skill tags—are concatenated into a single 
unified textual representation: 

𝐶𝑖 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝑡𝑖𝑡𝑙𝑒𝑖 , 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑖, 𝑡𝑎𝑔𝑠𝑖) (5) 

where 𝐶𝑖 represents the final combined textual feature for course 𝑖. 
This comprehensive preprocessing pipeline, implemented using Python libraries such as 

NLTK, SpaCy, pandas, NumPy, and scikit-learn, minimizes noise, enhances textual con-
sistency, and ensures the processed dataset is optimally structured for accurate feature extrac-
tion and recommendation modeling [46]. 

3.3. Feature Extraction 

This module transforms the preprocessed textual and numerical data into structured, 
machine-readable feature representations suitable for recommendation modeling. Two pri-
mary feature extraction techniques are employed: TF–IDF and SBERT. 

3.3.1. Term Frequency–Inverse Document Frequency (TF–IDF) 

TF–IDF is a statistical method used to quantify the importance of terms within a docu-
ment relative to a corpus. It emphasizes terms that appear frequently in a particular document 

but are less common across the entire dataset. The term frequency (TF) of a term 𝑡 in doc-

ument 𝑑 is defined as: 

𝑇𝐹(𝑡, 𝑑) =
𝑓𝑡,𝑑

∑ 𝑓𝑘,𝑑𝑘

 (6) 

where 𝑓𝑡,𝑑 denotes the frequency of term 𝑡 in document 𝑑, and the denominator represents 
the total number of terms in the document. 

The inverse document frequency (IDF) measures the rarity of a term across the corpus: 

𝐼𝐷𝐹(𝑡) = log (
𝑁

𝑛𝑡

) (7) 

where 𝑁 is the total number of documents and 𝑛𝑡 is the number of documents containing 

the term 𝑡. The combined TF–IDF weight is computed as: 

𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑) = 𝑇𝐹(𝑡, 𝑑) × 𝐼𝐷𝐹(𝑡) (8) 

This formulation assigns lower weights to common but less informative terms (e.g., 
“course” or “learn”) while emphasizing domain-specific and distinctive terms (e.g., “machine 
learning” or “data visualization”). In the proposed system, TF–IDF vectors represent the 
content features of courses and are later utilized in CBF. Cosine similarity is applied to these 
vectors to quantify textual similarity and support recommendation generation. 

3.3.2. Sentence-BERT Embeddings 

Sentence-BERT (SBERT) leverages transformer-based architectures to generate dense, 
contextualized vector representations that preserve semantic meaning beyond surface-level 
word frequencies. Each course description or learner profile is encoded into a semantic em-
bedding vector: 

𝑣𝑖 = 𝑓𝑆𝐵𝐸𝑅𝑇(𝐶𝑖) (9) 

where 𝑓𝑆𝐵𝐸𝑅𝑇(∙) denotes the SBERT embedding function applied to the combined textual 

representation 𝐶𝑖. 
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SBERT employs a bi-encoder architecture in which each sentence 𝑠 is processed inde-
pendently by a transformer model to produce an embedding: 

𝑣𝑠 = 𝑓𝑆𝐵𝐸𝑅𝑇(𝑠) (10) 

In this study, embeddings are generated using the all-MiniLM-L6-v2 pretrained model, 
producing 768-dimensional vectors. Embeddings are normalized using min–max scaling to 
ensure compatibility across feature domains. These semantic representations support both 
content-based similarity computation and regression-based CF within the hybrid framework. 

3.4. Content-Based Filtering 

Content-based filtering (CBF) generates recommendations by matching learner prefer-
ences with course content characteristics. Using TF–IDF or SBERT feature representations, 
the system retrieves courses that are semantically and contextually aligned with a learner’s 
profile or previously preferred courses. Similarity between courses is computed using cosine 
similarity: 

cosine_sim(𝐴, 𝐵) =
𝐴 ∙ 𝐵

‖𝐴‖ ‖𝐵‖
 (11) 

After computing similarity scores between the learner profile and all available courses, 
the system ranks the courses in descending order of similarity and selects the top candidates 
as recommendations. This process ensures that suggested courses closely align with learners’ 
interests, educational objectives, and prior learning experiences, enhancing personalization 
and relevance within the hybrid recommender system. 

3.5. Collaborative Filtering 

The CF component focuses on predicting learners’ course preferences by analyzing his-
torical user–course interactions rather than relying solely on course metadata. Unlike CBF, 
this approach leverages patterns observed across multiple learners to infer preferences, 
thereby addressing sparsity and personalization limitations inherent in purely content-driven 
methods. 

In the proposed framework, CF is implemented using regression-based ML models, in-
cluding Decision Tree Regressor (DTR), Random Forest Regressor (RFR), Support Vector 
Regressor (SVR), and Gradient Boosting Regressor (GBR). These models are selected for 
their ability to capture both linear and nonlinear relationships between learner attributes, 
course features, and observed feedback. The target variable represents either explicit ratings 
provided by learners or inferred scores derived from academic performance indicators and 

interaction history. Formally, the predicted rating of user 𝑢 for course 𝑖 is expressed as: 

𝑟̂𝑢,𝑖 = 𝑓(𝑥𝑢 , 𝑦𝑖 ; 𝜃) (12) 

where 𝑥𝑢 and 𝑦𝑖 denote the feature vectors of the learner and course, respectively, 𝜃 rep-

resents the learned model parameters, and 𝑓(∙) corresponds to the regression function im-
plemented by the selected ML model. 

The predicted ratings generated by the CF models are subsequently integrated into the 
hybrid recommendation process. This enables the system to account not only for semantic 
similarity between courses but also for learner satisfaction and behavioral relevance, thereby 
improving overall recommendation accuracy and personalization. 

3.6. Feature Dataset Splitting 

After feature extraction and integration, the dataset is partitioned into training and test-
ing subsets to ensure unbiased performance evaluation. The training set is used to learn the 
parameters of the CF regression models, allowing them to capture underlying rating patterns 
and relationships. The testing set is reserved exclusively for evaluation, assessing the models’ 
ability to generalize to unseen learner–course pairs. In the proposed experiments, 80% of the 
data is allocated for training, while the remaining 20% is used for testing. These split balances 
learning efficiency and evaluation reliability, helping to mitigate overfitting and ensuring that 
reported results reflect true predictive performance. 
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3.7. Machine Learning Regressor Models 

Several ML regression models are trained and evaluated to predict learner ratings for 
candidate courses. These models collectively form the predictive core of the CF module. 
• DTR predicts continuous rating values by recursively partitioning the feature space into 

regions that minimize prediction error. Within the recommendation context, it models 
decision rules based on learner and course attributes, providing an interpretable baseline 
for rating prediction. The predicted value at a leaf node corresponds to the mean rating 
of samples assigned to that node, with splits determined by minimizing the mean squared 
error (MSE). 

• RFR is an ensemble method that aggregates predictions from multiple decision trees 
trained on bootstrapped samples and randomly selected feature subsets. This ensemble 
strategy reduces variance and improves generalization compared to a single decision tree. 
The final predicted rating is computed as the average prediction across all trees: 

𝑟̂(𝑥) =
1

𝑇
∑ 𝑓𝑡(𝑥)

𝑇

𝑡=1

 (13) 

where 𝑇 is the number of trees and 𝑓𝑡(𝑥) denotes the prediction of the 𝑡-th tree 
• SVR estimates continuous outputs by fitting a function within a specified error tolerance 

𝜖, while maintaining model simplicity. By employing kernel functions such as linear or 
radial basis function (RBF), SVR effectively captures nonlinear relationships between 
learner–course features and predicted ratings. The model balances prediction accuracy 

and complexity through a regularization parameter 𝐶. 
• GBR constructs an additive ensemble of weak learners in a stage-wise manner, where 

each successive model focuses on correcting the residual errors of its predecessors. The 
model is iteratively updated as: 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜂ℎ𝑚(𝑥) (14) 

where 𝐹𝑚(𝑥) represents the model after the 𝑚-th iteration, ℎ𝑚(𝑥) is the weak learner, 
and 𝜂 is the learning rate. By minimizing a differentiable loss function, GBR achieves 
high predictive accuracy and robustness. 

Each regression model is trained and evaluated using identical feature representations and 
evaluation protocols, enabling a fair comparison of their effectiveness in predicting learner 
ratings. The resulting predictions are subsequently combined with content-based similarity 
scores within the hybrid recommendation framework. 

3.8. Intelligent Learners Recommendation Model 

The Intelligent Learners Recommendation Model integrates the outputs of the CBF and 
CF components into a unified decision-making mechanism. Rather than relying on a single 
source of information, this model combines semantic similarity scores derived from content 
analysis with predicted learner ratings generated by regression-based CF models. 

By jointly considering learner-specific preferences and collective behavioral patterns, the 
hybrid model produces more balanced and accurate recommendations. This integration en-
hances personalization while mitigating the limitations of standalone CBF or CF approaches, 
such as cold-start effects or sparse interaction data. The overall model construction and train-
ing workflow for both CBF and CF components is summarized in Algorithm 1. 

3.9. Personalized Recommendation for Learners 

In the final stage, the system generates a personalized list of recommended courses or 
open electives for each learner. Recommendations are ranked based on a unified score that 
reflects both content relevance and predicted learner satisfaction, ensuring alignment with 
individual educational objectives, prior learning behavior, and skill interests. 

The final recommendation score for a course 𝑖 is obtained by combining the normalized 
content similarity score from the SBERT-based content model with the predicted rating pro-
duced by the CF regressor. This hybrid scoring strategy yields a single, coherent recommen-
dation that balances semantic relevance and behavioral evidence. The model-building and 
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training process is formally described in Algorithm 1, while the user testing and recommen-
dation-generation process is detailed in Algorithm 2. 

 

Algorithm 1. Model Building Phase 
INPUT: Preprocessed student and course datasets 
OUTPUT: Trained CBF and CF models 
1: Load the preprocessed student and course datasets. 
2: Perform feature extraction using: 
3:     TF–IDF to generate term-weight vectors, or 
4:     SBERT to obtain semantic embeddings. 
5: Implement CBF: 
6:     Compute cosine similarity between course features and learner profiles. 

7:     Construct the similarity matrix 𝑆(𝑖, 𝑗) 
8: Implement CF: 
9:     Prepare the learner–course interaction feature matrix. 
10:     Split the dataset into 80% training and 20% testing sets. 
11:     Train regression-based models (Decision Tree, Random Forest, Support Vector 

Regressor, and Gradient Boosting) to predict course ratings. 

12: Evaluate trained models using performance metrics such as MAE, RMSE, and 𝑅2 
13: Save the best-performing model for deployment in the recommendation phase. 

 

Algorithm 2. User Testing and Recommendation Phase 
INPUT: Trained CBF and CF models, new learner profile 
OUTPUT: Personalized course or elective recommendations 
1: Accept learner profile or feedback data as input. 
2: Preprocess the input data, including cleaning, tokenization, and embedding genera-

tion. 
3: Apply the CBF module to compute content similarity scores for the learner. 
4: Apply the CF module to predict personalized course ratings using the trained regres-

sion model. 
5: Combine outputs from the CBF and CF modules to compute the final recommenda-

tion score 𝑅(𝑖) 

6: Rank courses based on 𝑅(𝑖) 

7: Display the top-𝑁 recommended courses or electives to the learner. 

4. Experimental Results and Discussion 

4.1. Experimental Setup 

The proposed hybrid course recommendation system was implemented in Python using 
the PyCharm IDE within an Anaconda environment for dependency management and re-
producibility. The system was trained and evaluated on both the Coursera dataset and the 
institutional open elective dataset to assess robustness and real-world applicability. All exper-
iments were conducted on a Windows 11 workstation equipped with an Intel Core i5 proces-
sor, 16 GB RAM, and a 4 GB GPU, which provided sufficient computational capacity for 
training and evaluating high-dimensional text representations such as TF–IDF vectors and 
SBERT embeddings. 

4.2. Performance Evaluation Measures 

The performance of the proposed hybrid recommender system was evaluated using 
standard regression metrics: Mean Absolute Error (MAE), Mean Squared Error (MSE), and 
the Coefficient of Determination (R²). These metrics assess prediction accuracy, sensitivity to 
large errors, and explanatory power by comparing predicted ratings with actual learner ratings. 
The evaluation metrics are formally defined as: 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑁

𝑖=1

 (15) 
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𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑁
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑁
𝑖=1

 (17) 

where 𝑁 is the total number of observations, 𝑦𝑖 denotes the actual rating value, 𝑦̂𝑖 denotes 

the predicted rating value, and 𝑦̅ is the mean of the actual ratings. 
To ensure a robust and unbiased evaluation, 5-fold cross-validation was employed. In 

each iteration, four folds were used for training and one-fold for testing, following an 80:20 
data split. This process was repeated 5 times, and the final results were reported as the mean 
± standard deviation across all folds. This strategy minimizes data partition bias and provides 
a reliable estimate of model generalization performance. 

Hyperparameter tuning was conducted using grid search for all regression models. The 
optimized configurations were: DTR (max depth = 10), RFR (100 estimators, max depth = 
15), SVR (RBF kernel, C=1.0, gamma = ‘scale’), and GBR (200 estimators, learning rate = 
0.1, max depth = 5). These settings were applied consistently across datasets to ensure repro-
ducibility. 

4.3. Result Evaluation on the Coursera Dataset 

This subsection presents the experimental results obtained on the Coursera dataset. The 
evaluation consists of two complementary analyses: (i) qualitative assessment of content-
based retrieval effectiveness and (ii) quantitative evaluation of rating prediction accuracy using 
regression-based collaborative filtering. 

 

Figure 2. Test case illustrating top-N course recommendations for a selected query course. 

Figure 2 illustrates a representative test case in which a selected course title is used as a 

query, and the system retrieves the top five recommended courses (𝑁 = 5). The recom-
mended courses exhibit strong semantic alignment with the input query, demonstrating the 
effectiveness of the content-based component in capturing contextual and conceptual simi-
larities across course descriptions. This result highlights the system’s ability to maintain re-
trieval relevance even as semantic diversity increases. For collaborative filtering, regression 
models were trained independently using TF–IDF and SBERT feature representations. Their 
performance was evaluated using MAE, MSE, and R² scores, with the results summarized in 
Table 3. 

As shown in Table 3, ensemble-based models consistently outperform simpler regres-
sors. In particular, the GBR combined with SBERT features achieves the best overall perfor-
mance, with the lowest MSE (0.0278), lowest MAE (0.1269), and highest R² score (0.8896). 
The RFR with SBERT embeddings also demonstrates strong predictive capability, achieving 
an R² score of 0.8715, indicating its effectiveness in modeling nonlinear learner–course rela-
tionships. The comparative performance trends are shown in Figure 3, further confirming the 
superiority of SBERT-based representations across all evaluated regression models. 
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Table 3. Performance comparison of regression models using TF–IDF and SBERT features on the 
Coursera dataset. 

Regressor Model Feature Representation MSE MAE R² Score 

Decision Tree Regressor 
(DTR) 

TF–IDF 0.0720 0.1998 0.7053 

SBERT 0.0612 0.1714 0.7428 

Random Forest Regressor 
(RFR) 

TF–IDF 0.0366 0.1493 0.1319 

SBERT 0.0297 0.1325 0.8715 

Support Vector Regressor 
(SVR) 

TF–IDF 0.0524 0.1766 0.2414 

SBERT 0.0431 0.1572 0.8023 

Gradient Boosting Regressor 
(GBR) 

TF–IDF 0.0425 0.1855 0.6731 

SBERT 0.0278 0.1269 0.8896 
 

 

Figure 3. Comparative evaluation of regression models using TF–IDF and SBERT features. 

Simpler models such as DTR and SVR exhibit moderate performance. While DTR ben-
efits from SBERT features, it remains more susceptible to overfitting due to its single-tree 
structure. SVR achieves reasonable predictive accuracy with SBERT (R² = 0.8023), but re-
quires careful hyperparameter tuning for optimal performance. Overall, these results demon-
strate that semantic-rich SBERT embeddings, when combined with regression-based collab-
orative filtering, substantially improve prediction accuracy and explanatory power. The hybrid 
integration of content-based and collaborative signals enables the proposed system to deliver 
accurate and personalized course recommendations. 

4.4. Result Evaluation on the Real-Time Open Elective/Course Dataset 

This subsection presents the experimental evaluation of the proposed hybrid course rec-
ommendation framework using the real-time institutional dataset, with a focus on comparing 
TF–IDF and SBERT feature representations in a practical academic setting. The dataset was 
collected through a structured Google Form survey distributed among students from multiple 
reputed Colleges of Engineering and Technology in Maharashtra, with a particular focus on 
the Information Technology discipline. 

The collected data were organized into two primary components: User Data and Course 
Data. The User Data include learner-specific attributes such as enrollment identifiers, demo-
graphic information, skills, career objectives, preferred learning devices, and previously at-
tended courses. These attributes provide insight into individual learning preferences, techno-
logical access, and prior exposure to specific academic domains. The Course Data were com-
piled from the NPTEL repository and contain detailed metadata for engineering courses, 
including course titles, open elective classifications, instructors, offering institutions, domain 
emphasis, course overviews, and rating criteria. Together, these attributes support fine-
grained alignment between learner profiles and course characteristics. 
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The dataset spans students from Semesters III to VII, enabling a longitudinal evaluation 
of recommendation performance across different stages of academic progression. By com-
bining learner feedback with institutionally curated course information, the dataset reflects 
realistic learning behaviors and evolving academic goals. This structure provides a suitable 
basis for evaluating the proposed hybrid recommendation framework in terms of adaptability, 
contextual relevance, and personalization. 

Figure 4 illustrates representative recommendation results for Semester III learners. The 
hybrid model generates open elective suggestions and associated course recommendations 
that align with learners’ skills and academic objectives. These results qualitatively demonstrate 
how the integration of semantic content representations (TF–IDF/SBERT) with regression-
based collaborative filtering supports more informed and context-aware elective selection. 
While this figure primarily serves an illustrative purpose, it provides concrete evidence of the 
system’s practical applicability in supporting NEP-aligned, flexible learning pathways. The 
same processing pipeline and evaluation procedure were applied consistently to datasets from 
Semesters IV, V, VI, and VII. This uniform methodology ensures that observed performance 
trends across semesters reflect genuine model behavior rather than variations in prepro-
cessing or experimental setup. 

Figure 5 presents the graphical user interface developed to demonstrate the system’s 
practical deployment. The interface allows learners to input their skills or career objectives 
and receive corresponding elective and course recommendations. As the primary contribution 
of this study lies in the recommendation methodology rather than the interface design, the 
GUI is presented solely to illustrate end-user interaction with the proposed hybrid model. 

The quantitative evaluation focuses on the collaborative filtering component, where re-
gression models are used to predict learner ratings across all semesters. Table 4 summarizes 
the performance of DTR, RFR, SVR, and GBR using TF–IDF and SBERT feature represen-
tations. Performance is reported using MAE, MSE, and R² metrics. 

 

Figure 4. Recommended open electives and course suggestions for a Semester III learner. 
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Figure 5. GUI-based open elective and course recommendations for a Semester III learner based on 
skill selection. 

Table 4. Performance comparison of regression models using TF–IDF and SBERT features across 
all semesters (real-time institutional dataset) 

Semester Model 
MAE  

(TF–IDF) 
MAE 

(SBERT) 
MSE   

(TF–IDF) 
MSE 

(SBERT) 
R²     

(TF–IDF) 
R² 

(SBERT) 

Sem-III DTR 0.1333 0.1120 0.0266 0.0201 0.7500 0.8200 

 RFR 0.1429 0.1080 0.0121 0.0098 0.6859 0.8320 

 SVR 0.0889 0.0725 0.0087 0.0070 0.2042 0.5300 

 GBR 0.0852 0.0658 0.0231 0.0174 0.7161 0.8500 

Sem-IV DTR 0.1333 0.1125 0.0200 0.0148 0.3440 0.5700 

 RFR 0.1307 0.1050 0.0216 0.0161 0.2792 0.6150 

 SVR 0.1463 0.1185 0.0840 0.0612 0.1350 0.4120 

 GBR 0.1164 0.0935 0.0126 0.0095 0.3757 0.6420 

Sem-V DTR 0.1111 0.0910 0.0355 0.0251 0.2222 0.5250 

 RFR 0.0950 0.0782 0.0979 0.0725 0.3596 0.5850 

 SVR 0.0873 0.0715 0.0121 0.0095 0.3053 0.5400 

 GBR 0.0861 0.0689 0.0126 0.0092 0.2953 0.5580 

Sem-VI DTR 0.1000 0.0820 0.0066 0.0048 0.6000 0.7950 

 RFR 0.0973 0.0788 0.0192 0.0136 0.3895 0.6500 

 SVR 0.1195 0.0972 0.0217 0.0170 0.6941 0.7950 

 GBR 0.1106 0.0880 0.0155 0.0110 0.5720 0.7580 

Sem-VII DTR 0.1444 0.1200 0.0322 0.0246 0.2556 0.5100 

 RFR 0.1266 0.1042 0.0236 0.0171 0.2758 0.5650 

 SVR 0.2008 0.1625 0.0361 0.0224 0.1636 0.3850 

 GBR 0.1365 0.1112 0.0246 0.0178 0.2612 0.5420 

 
The results in Table 4 indicate a consistent performance advantage of SBERT-based 

representations over TF–IDF across all semesters and regression models. SBERT features 
generally yield lower MAE and MSE values, along with higher R² scores, suggesting improved 
predictive accuracy and stronger explanatory power. This trend is particularly evident for en-
semble models such as GBR and RFR, which benefit from SBERT’s ability to encode seman-
tic and contextual information from course descriptions. 
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For instance, in Semester III, the GBR model achieves an MAE of 0.0658, an MSE of 
0.0174, and an R² score of 0.85 using SBERT features, outperforming its TF–IDF counter-
part across all metrics. Similar patterns are observed in subsequent semesters, indicating that 
the proposed hybrid framework maintains stable performance as learners progress through 
different stages of their academic programs. The comparative trends across all semesters are 
further illustrated in Figures 6–8, which present MAE, MSE, and R² evaluations, respectively. 

 

Figure 6. MAE comparison between TF–IDF and SBERT using regression models across semesters. 

 

Figure 7. MSE comparison between TF–IDF and SBERT using regression models across semesters. 

 

Figure 8. R² comparison between TF–IDF and SBERT using regression models across semesters. 
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4.5. Discussion 

The experimental results obtained from the real-time institutional dataset demonstrate 
the effectiveness and adaptability of the proposed hybrid course recommendation framework. 
Across all evaluated semesters, models utilizing SBERT-based feature representations con-
sistently outperform their TF–IDF counterparts, as evidenced by lower prediction errors and 
higher R² scores. This trend indicates that semantic-rich embeddings meaningfully improve 
the modeling of learner preferences in educational recommendation settings. 

Among the evaluated regression models, the GBR and RFR exhibit the most reliable 
and stable performance. These ensemble methods are particularly effective at capturing com-
plex, nonlinear relationships between learner profiles and course attributes. An R² value ap-
proaching 0.89 suggests that the proposed hybrid model explains a substantial proportion of 
the variance in learner rating behavior. From a practical perspective, this level of explanatory 
power implies more consistent and dependable course personalization, enabling learners to 
identify electives that are better aligned with their academic interests, skill development needs, 
and long-term educational objectives. Rather than merely improving numerical accuracy, such 
predictive reliability enhances learners’ confidence in recommendation outcomes and sup-
ports more informed academic decision-making. 

Importantly, consistent performance gains are observed across both the large-scale 
Coursera dataset and the institutional dataset. The repeated superiority of the SBERT + GBR 
combination across two heterogeneous datasets indicates that the proposed approach is not 
tailored to a single data source but instead demonstrates robustness across differing data dis-
tributions and educational contexts. This consistency supports the generalizability of the se-
mantic–predictive integration strategy and suggests its suitability for deployment in real-world 
academic environments. 

The observed performance improvements can be attributed to the complementary 
strengths of the two core components. SBERT provides deep contextual semantic represen-
tations that capture nuanced relationships within course descriptions and learner interests, 
while ensemble regression models such as GBR effectively model nonlinear preference pat-
terns and interaction effects. Together, these components form a balanced hybrid framework 
that integrates semantic understanding with predictive modeling. 

The inclusion of real-world institutional data, complemented by a GUI-based recom-
mendation interface, further reinforces the practical relevance of the proposed system. While 
the graphical interface primarily serves as an illustrative deployment example rather than a 
core contribution, it demonstrates how the underlying recommendation model can support 
context-sensitive open elective selection aligned with learner competencies, career aspirations, 
and NEP 2020 guidelines. 

Finally, the discussion of limitations highlights the interconnected nature of technical 
and ethical considerations in AI-driven educational recommendation systems. Limitations in 
semantic representation, retrieval accuracy, or predictive modeling can influence fairness, 
transparency, and user trust. Conversely, ethical requirements such as data privacy, anony-
mization, and bias mitigation impose constraints on model design and data utilization. Rec-
ognizing this interdependence underscores the need for a holistic approach that jointly ad-
dresses technical robustness and ethical responsibility. Although advanced semantic models 
increase computational complexity, the use of regression-based ensemble learners provides a 
degree of interpretability, helping balance predictive accuracy with explainability. This balance 
is essential for fostering trust and accountability in personalized learning environments. 

5. Conclusions 

This paper presented a hybrid machine learning–based course recommendation frame-
work that aims to enhance personalized learning by integrating content-based and collabora-
tive filtering techniques. The proposed approach combines TF–IDF and SBERT embeddings 
for semantic feature extraction with regression-based predictive modeling, including Decision 
Tree, Random Forest, Support Vector, and Gradient Boosting regressors, to generate con-
text-aware course recommendations. 

The framework was evaluated using two independent datasets: a public Coursera dataset 
and a real-time institutional dataset collected from engineering colleges in Maharashtra. 
Across both datasets, models leveraging SBERT-based semantic representations—particu-
larly when combined with the Gradient Boosting Regressor—consistently achieved better 
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performance on MAE, MSE, and R² metrics. These findings indicate that incorporating se-
mantic similarity analysis alongside predictive modeling can improve rating prediction accu-
racy and support more effective personalization across heterogeneous educational data 
sources. 

From a methodological perspective, the study demonstrates that integrating semantic 
embeddings with regression-based predictive models provides a coherent way to capture both 
contextual relationships in course content and nonlinear patterns in learner preferences. Ra-
ther than proposing a new architecture, the work offers empirical evidence that carefully com-
bining established semantic representations with predictive learning techniques can yield ro-
bust performance within a unified recommendation framework. The comparative evaluation 
across two distinct datasets further suggests that the proposed approach is reasonably stable 
across different educational contexts. While a GUI-based implementation is included to illus-
trate real-time applicability, the primary contribution of this study lies in the methodological 
framework and its empirical validation. The proposed system supports interpretable, scalable 
recommendations and aligns with policy-driven educational objectives, such as those outlined 
in NEP 2020. 

Despite these promising results, several limitations remain. The evaluation is limited to 
two datasets and a specific set of regression-oriented metrics (MAE, MSE, and R²). Future 
studies could strengthen the generalizability of the findings by incorporating larger and more 
diverse datasets, additional recommendation-oriented evaluation metrics (e.g., Precision@K, 
Recall@K, NDCG, and user satisfaction measures), and longitudinal user studies to assess 
real-world impact over time. 

Future work may also explore integrating adaptive learning mechanisms, such as deep 
learning or reinforcement learning, to enable recommendations that dynamically respond to 
evolving learner behavior. Incorporating multimodal data sources—including learner interac-
tion logs, engagement patterns, and instructional media—could further enrich personaliza-
tion. In addition, deploying the framework using scalable architectures, such as cloud-based 
or federated learning environments, may enhance scalability and privacy preservation, while 
tighter integration with institutional learning management systems could support real-time 
feedback, adaptive assessment, and intelligent academic support. These extensions would fur-
ther strengthen the practical relevance of the proposed framework and support the develop-
ment of data-driven digital education ecosystems aligned with the objectives of NEP 2020. 
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